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a  b  s  t  r  a  c  t
Although  different  structures  are  used  in modern  tuberculosis  (TB)  models  to  simulate  TB latency,  it
remains  unclear  whether  they  are  all capable  of  reproducing  the  particular  activation  dynamics  empiri-
cally  observed.  We  aimed  to  determine  which  of  these  structures  replicate  the dynamics  of  progression
accurately.  We  reviewed  88  TB-modelling  articles  and  classified  them  according  to the  latency  struc-
ture  employed.  We  then  fitted  these  different  models  to the  activation  dynamics  observed  from  1352
infected  contacts  diagnosed  in Victoria  (Australia)  and  Amsterdam  (Netherlands)  to  obtain  parameter
estimates.  Six  different  model  structures  were  identified,  of which  only  those  incorporating  two  latency
compartments  were  capable  of  reproducing  the  activation  dynamics  empirically  observed.  We  found
important  differences  in parameter  estimates  by age.  We  also  observed  marked  differences  between
our  estimates  and  the  parameter  values  used  in  many  previous  models.  In particular,  when  two  suc-
cessive  latency  phases  are  considered,  the  first  period  should  have  a  duration  that  is  much  shorter  than
that  used  in  previous  studies.  In  conclusion,  structures  incorporating  two  latency  compartments  and
age-stratification  should  be  employed  to  accurately  replicate  the  dynamics  of TB  latency.  We  provide  a
catalogue  of  parameter  values  and  an  approach  to  parameter  estimation  from  empiric  data  for  calibration
of future  TB-models.
©  2017  The  Authors.  Published  by  Elsevier  B.V.  This  is  an  open  access  article  under the  CC  BY-NC-ND. Introduction
Tuberculosis (TB) is a major health issue with 10.4 million
ctive cases and 1.8 million deaths worldwide in 2015 (WHO,
016). Furthermore, around one quarter of the world’s population
s estimated to be infected with TB (Houben and Dodd, 2016), rep-
esenting a huge reservoir of potential disease. Accordingly, fully
nderstanding latent TB infection is crucial for assessing the future
pidemic trajectory and designing effective TB control policies.
espite this, much reinfection occurs in high incidence cohorts,
ampering accurate estimation of latency dynamics. Therefore
nsights into the activation dynamics following a single infection
pisode of Mycobacterium tuberculosis provided by recent studies
∗ Corresponding author at: 85 Commercial Road, Burnet Institute, Melbourne, VIC
003, Australia.
E-mail address: romain.ragonnet@burnet.edu.au (R. Ragonnet).
ttp://dx.doi.org/10.1016/j.epidem.2017.06.002
755-4365/© 2017 The Authors. Published by Elsevier B.V. This is an open access article 
/).license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
in very low transmission settings are particularly valuable (Trauer
et al., 2016a; Sloot et al., 2014). These works provide detailed infor-
mation on patterns of activation, highlighting that most active cases
occur within the first few months of infection.
Mathematical modelling has informed TB control programs by
simulating interventions, or by explaining the mechanisms under-
lying observed epidemiological trends (Vynnycky and Fine, 1997;
Gomes et al., 2004; Castillo-Chavez and Feng, 1997; Abu-Raddad
et al., 2009; Cohen et al., 2008; Dye, 2012; Menzies et al., 2012;
Trauer et al., 2016b), yet little is known about whether such mod-
elling has been able to capture latency dynamics accurately. In
the past, TB models have been constructed to capture the life-
long probability of disease and, although some models allowed
for marked differences between the early and late dynamics of
infection (Dowdy et al., 2013; Lin et al., 2011; Aparicio and Castillo-
Chavez, 2009), estimates for the associated parameters have not
been fit closely to longitudinal data. Despite this, it has been shown
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.
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hat when modelling infectious diseases, it is critical to employ
ppropriate distributions of latent periods (Wearing et al., 2005).
ocusing on emerging infectious diseases, Wallinga and Lipsitch
urther demonstrated that capturing the mean of the generation
imes is not sufficient to characterise transmission accurately, as
he shape of the distribution of the generation intervals also plays
 critical role in infection dynamics (Wallinga and Lipsitch, 2007).
lthough TB is an ancient disease, its epidemiology is continuously
volving. In particular, changes in TB epidemiology in response to
merging phenomena, such as introduction of drug-resistant forms
f TB or stronger control programs, are likely to affect the shape
f the generation time distribution. Therefore, the recent detailed
haracterisation of TB activation dynamics represent a valuable
pportunity to review and improve modelling practices for the
imulation of TB latency.
Compartmental dynamic transmission models − the most com-
on  type of TB mathematical model − simulate TB latency with
arious levels of complexity. While some modellers employ a
ingle latency compartment that precedes the active disease com-
artment (Colijn et al., 2008; Blower and Chou, 2004), others
ncorporate a second latency compartment in order to capture two
ifferent rates of progression from latent infection to active dis-
ase (Hill et al., 2012; Cohen et al., 2006; Trauer et al., 2014). When
wo latency compartments are incorporated, they can either be
ositioned in series or in parallel, involving different underlying
ssumptions regarding the progression pathways to active disease.
irst, the serial structure implies that newly infected individuals
emain at high risk of disease during the initial phase and then,
f TB activation has not occurred, they transition to another com-
artment where their risk of developing active TB is reduced. By
ontrast, with a parallel compartmental structure, the underlying
ssumption is that a proportion of infected individuals belong to
 high risk category, while the remainder are at lower risk of TB
isease. While TB modelling has been used extensively for over 40
ears, it remains unclear which of these structures are best adapted
o the natural history of TB.
In this study, we aim to determine the most appropriate model
tructures to simulate TB latency and provide estimates for the
arameters associated with these structures across different age
ategories. We  use the distribution of the estimated times from
nfection to TB activation in 1352 infected contacts of individuals
ith active pulmonary TB from Victoria (Australia) and Amster-
am (Netherlands) to calibrate the latency structures of different
andidate models to the dynamics observed in the data.
. Methods
.1. Literature review
Our search was based on the literature review of mathematical
nd economic TB modelling articles provided by the TB Mod-
lling and Analysis Consortium, available online at http://tb-mac.
rg/Resources/Resource/4 (see Appendix in Supplementary file for
ore details). From this database we identified all 88 publications
eporting the use of a deterministic compartmental transmission
ynamic model. All selected papers were reviewed independently
y two authors (RR, JMT) who classified the manuscripts according
o the structure used to model TB latency. These two  independent
nvestigations led to the same classification which is presented in
he Appendix in Supplementary file (Table S1)..2. Analytical solution
For each latency structure found in the literature, we  associ-
ted a basic dynamic model comprised of the latency structure inics 21 (2017) 39–47
combination with compartments representing susceptibility to
infection and active disease. We  then found analytical solutions
for the TB activation dynamics corresponding to each model.
Namely, considering that individuals were infected at time t = 0,
we determined the proportion I (t) of infected individuals that had
developed active TB after each time t (t ≥ 0). Analytical expressions
are also presented for the total proportion of infected individu-
als progressing to active disease, obtained by calculating the limit
of I (t) as t approaches plus infinity. The detailed method used to
obtain the analytic solutions is described in the Appendix in Sup-
plementary file.
2.3. Data used to calibrate the models
The models described above were calibrated to individual data
on close contacts of individuals with active pulmonary TB notified
in the Australian state of Victoria from January 2005 to December
2013. These data are derived from a very low endemic setting and
were described in detail by Trauer et al. They consist of 613 infected
contacts of whom 67 (10.9%) developed active TB during the study
period (Trauer et al., 2016a). To enhance our dataset, we also used
the published data on close contacts of pulmonary TB patients
from Amsterdam (Netherlands) notified between 2002 and 2011,
as reported by Sloot et al. (Sloot et al., 2014). These data include
739 infected individuals, of whom 71 (9.6%) developed active TB.
The detailed approaches used to determine both dates of infection
and activation in individuals in the two studies are presented in
the respective manuscripts. The activation times measured in these
data were used to calibrate the different models. In order to vali-
date our approach involving merging of two  datasets, we present
a comparison of the estimates obtained from the separate fittings
to the two datasets (Appendix in Supplementary file Section 8.2).
The approach used to extract data from Sloot and colleagues’ arti-
cle is described in detail in the Appendix in Supplementary file,
along with a validation analysis of the extraction method while
the distribution of the times to activation measured in the two
datasets (Victoria and Amsterdam) is presented in Fig. S7 (Appendix
in Supplementary file).
Trauer et al. also proposed an imputation method which takes
into account the censorship for migration, death, and preventive
treatment (Trauer et al., 2016a). We used this approach, which is
associated with higher estimates concerning the risk of TB activa-
tion, in a supplementary analysis.
2.4. Model fitting
Model fitting to data was  made by building the survival like-
lihood defined as follows. For a given model associated with a
given set of parameters, , we obtain an analytical survival func-
tion S (t) which represents the probability that activation has not
occurred yet at time t given that infection occurred at t = 0. This
function is associated with a hazard function  (t) defined by
 (t) = −S′ (t)/S (t), characterising the chance that progression
to active TB occurs at precisely time t, given survival up to that
time. Then, for each infected case i of our dataset, for whom ti desig-
nates the time of either TB activation or end of follow-up, we define
an individual likelihood component by if the case was
not known to develop active TB; and if the case
effectively activated TB at time ti. Finally, we  aim to maximise the
multi-dimensional likelihood obtained by multiplying all the indi-
vidual likelihood components together: . This problem
is equivalent to maximising the following log-likelihood that we
define as the fitting score: .
Another fitting method was used for validation and when the
data did not allow for the survival likelihood to be utilised. Specif-
ically, a least squares optimisation was performed to minimise the
R. Ragonnet et al. / Epidem
Fig. 1. Representation of the different model structures. Solid lines represent pro-
gressive transitions between compartments that are parameterised with rates,
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re  associated with proportions. The flows related to natural death are not repre-
ented and are associated with the natural mortality .
istance between the survival curves generated by the data and by
he model. The time-points considered when performing this opti-
isation were equally spaced by one day and ranged between 0
nd the maximal time ti measured in the data.
The two methods introduced above are conceptually different.
n effect, the survival likelihood approach searches for the set of
odel parameter values that maximises the probability of observ-
ng the data, given a particular model and a particular parameter
et. In contrast, the least squares optimisation is based on a measure
f a distance between two curves: the activation curve observed
rom the data and the one produced by a model. Although these
wo approaches are fundamentally distinct, they are both forms of
ptimisation applied to the model’s parameter values. This optimi-
ation is based on an iterative method which allows the parameters
o vary in a multi-dimensional space, from which we retain only the
arameter set that yields the optimal measure, i.e. the greatest like-
ihood (for the probabilistic approach) or the smallest distance (for
he least squares method). This process was obtained using R v.3.3
nd its incorporated function “constrOptim”.
Model fitting was performed separately using three age cate-
ories (“<5 years old”, “5 to 14 years old” and “≥15 years old”)
n addition to a pooled analysis including the whole population.
n order to fully explore the parameter spaces and to report all
cceptable parameter sets, we used a Metropolis-Hastings algo-
ithm presented in detail in the Appendix in Supplementary file.
. Results
.1. Literature review
From our review of 88 publications related to TB modelling,
e found that six different compartmental structures had been
mployed to model TB latency and these form the basis of the fol-
owing analysis. The six models are represented in Fig. 1, along
ith the labels used for the associated parameters. The level of
omplexity ranges from a model incorporating no latency com-
artment (Model 1) to models based on two latency compartments
ositioned either in series (Models 4 and 5) or in parallel (Model
). Some structures incorporate a bypass from the susceptible
ompartment to the active disease compartment, allowing for con-
ideration of instantaneous activation of TB disease after exposureics 21 (2017) 39–47 41
(Models 1, 3 and 5). Table S1 (Appendix in Supplementary file)
reports our classification of the 88 reviewed studies according to
the latency structure employed.
3.2. Model calibration
Fig. 2 presents the dynamics of TB activation obtained from each
model when optimally calibrated to our data (see Methods para-
graph for fitting approach). Only the models incorporating two
latency compartments (Models 4, 5 and 6) suitably replicate the
dynamics of TB activation. Model 1, which is not shown, does not
contain any free parameters and assumes that all infected patients
progress to active disease immediately after exposure. This is not
compatible with our data nor our knowledge of the lifelong risk of
TB disease in infected individuals (Trauer et al., 2016a; Sloot et al.,
2014). Both Models 2 and 3 produce unreasonably poor fits to the
data. In the Appendix in Supplementary file we show that the equa-
tions describing Models 2 and 3 only involve a single exponential
function, which is not sufficient to replicate the two distinct pat-
terns observed in the dynamics of activation—a high risk of disease
activation over the first few months, followed by a dramatically
lower risk in a second phase. In contrast, in Models 4, 5 and 6,
which include two latency compartments, the activation dynam-
ics are driven by two  exponential components that are associated
with two  independent growth rates, leading to accurate replication
of the patterns empirically observed for each age category. The fit-
ting scores (see Fig. 2) for Models 4, 5 and 6 indicate that none
provides a significantly better fit than the others; however, Model
5 presents a higher level of complexity than Models 4 and 6, as
it involves estimating one additional parameter. Since the inclu-
sion of this parameter did not improve model fitting, we  consider
that it is unnecessary to employ this structure. This proposition is
strongly supported by a more detailed analysis of Model 5 where
different approaches all support that the additional parameter does
not improve fitting (see Appendix in Supplementary file). Accord-
ingly, the remainder of our analysis relates only to Models 4 and
6.
Table 1 presents the parameter values (with units of days−1)
obtained from the calibration of Models 4 and 6 to the data. We
observe that the rate of re-activation () is much lower in the age
category “<5 years old” than in the other age categories for both
Model 4 and Model 6. In contrast, the rate of rapid progression is
higher in the “<5 years old” category than in the other age categories
when considering Model 4; and when considering Model 6, the
proportion of infected individuals experiencing a high risk of TB
disease (1 − g) is higher for children than for the other categories
(35% for “<5 y.o.”, 19% for “5 to 14 y.o.”, 5% for “15 y.o. and more”,
and 9% for all ages together).
The lifelong risk of TB activation in infected individuals can be
calculated analytically for the different models (see Appendix in
Supplementary file, p.4). The parameter values reported in Table 1
for Models 4 and 6 correspond to total proportions of activation
ranging between 10% (“15 y.o. and more”) and 32% (“ < 5 y.o.”).
Given the very low values observed for the rate of reactiva-
tion () in the “<5 years old” category, we undertook an additional
analysis in order to explore the possibility of the absence of late
reactivation in this category. In this analysis, Models 4 and 6 were
fitted to the data under the constraint that  = 0, with both mod-
els found to perform equally well in absence of reactivation. Fig. 3
presents the corresponding simplified models as well as the best fits
obtained. A further exploration of the contribution of endogenous
reactivation versus primary activation is presented in the Appendix
in Supplementary file (Section 3.) for Model 4 and for the different
age categories. This analysis demonstrates that endogenous reacti-
vation contributes very little to the burden of active TB, especially in
young individuals (“<5 years old” and “5 to 14 y.o.”). Although this
42 R. Ragonnet et al. / Epidemics 21 (2017) 39–47
Fig. 2. Calibrations obtained with the different models for the percentage of active TB among infected individuals over time since infection. The black lines and grey shade
represent the estimates (central and 95% CI) obtained from the Kaplan-Meier analysis of our data. The blue line represents the percentage of active TB over time obtained
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ontribution is more substantial in the “≥15 years old” category, we
stimate that only 1% of infected individuals of this category would
ave progressed to active disease transitioning from compartment
B after five or less years from infection (using Eq. (23) in Appendix
n Supplementary file).
Our analysis of the analytical solutions associated with Model
 and Model 6 demonstrated that the two expressions coincide
f the parameter values of the two models satisfy the following
elationships:6 = ε4 + 46 = 4g6 =
4
4 + ε4 − 4d. The x-scales were chosen in order to allow for a decent visualisation of the early
. Fitting was realised by maximising the fitting score (FS). (For interpretation of the
 article.)
where the subscripts indicate to which of Models 4 or 6 the
parameters apply. This finding indicates that the dynamics of acti-
vation simulated by the two  models are identical, differing only in
the value of the parameter values that should be applied.
3.3. Probability distribution of parameters
We  used a Bayesian framework to infer the posterior distri-
butions for the parameters in the model. Uniform priors were
used and tools of Bayesian inference applied including Markov
Chain Monte-Carlo exploration using the Metropolis-Hastings
acceptance algorithm. The resulting posterior distributions for the
R. Ragonnet et al. / Epidemics 21 (2017) 39–47 43
Table  1
Parameter estimates. Calibration issued from the survival likelihood maximisation applied to the merged dataset (Victoria and Amsterdam data). Point estimates correspond
to  the parameters maximising the likelihood while values into brackets indicate the narrowest interval containing 95% of the accepted values during the Metropolis-Hastings
simulation. Rates are presented as daily values.
ε   g
Model 4
All ages 1.1e−3
(8.4e−4–1.5e−3)
1.0e−2
(8.5e−3 1.4e−2)
5.5e−6
(2.5e−6 1.1e−5)
–
<5  y.o. 6.6e−3
(4.4e−3 9.5e−3)
1.2e−2
(8.5e−3 1.8e−2)
1.9e−11
(5.0e−9 1.6e−5)
–
5–14  y.o 2.7e−3
(1.7e−3 3.9e−3)
1.2e−2
(7.9e−3 1.6e−2)
6.4e−6
(6.7e−7 1.9e−5)
–
≥15 y.o 2.7e−4
(1.6e−4 5.1e−4)
5.4e−3
(3.5e−3 1.1e−2)
3.3e−6
(1.9e−6 1.0e−5)
–
Model 6
All ages 1.1e−2
(9.2e−3 1.5e−2)
– 5.5e−6
(3.4e−6 1.0e−5)
0.91
(0.89 0.93)
<5  y.o. 1.9e−2
(1.2e−2 2.5e−2)
– 3.4e−11
(2.7e−9 2.0e−5)
0.65
(0.55 0.73)
5–14  y.o 1.4e−2
(9.4e−3 1.8e−2)
– 6.4e−6
(8.0e−7 2.2e−5)
0.81
(0.75 0.86)
≥15  y.o 5.6e−3
(3.8e−3 9.6e−3)
– 3.3e−6
(7.3e−7 9.3e−6)
0.95
(0.94 0.97)
Parameter estimates. Calibration issued from the survival likelihood maximisation applied
to  the parameters maximising the likelihood while values into brackets indicate the narro
simulation. Rates are presented as daily values.
Fig. 3. Simplified model structures adapted to simulate TB latency in young children
(<5  years old) Here, it is assumed that progression from the previous compartments
LB of Model 4 and Model 6 to active disease I cannot occur. The compartment LB
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partment (). Concerning Model 6, the best calibration to imputedherefore becomes a protected state which is labelled R in this illustration. Fitting
as  realised by maximising the fitting score (FS).
ifferent parameters of Models 4 and 6 are presented (Table 1).
roposed statistical distributions that could be used to generate
imilar sets of parameters are available in the Appendix in Supple-
entary file, along with the posterior distributions obtained for all
arameters. The acceptable ranges of values for the parameter  are
ide for the category “<5 y.o.”, due to the small number of reacti-
ation cases in our dataset. However, our analysis showed that the
ate of reactivation is limited by an upper bound of around 2.3e−5
n all categories, which represents a relatively small annual risk of
e-activation of 0.8%.
By analysing the distributions of each of the retained parameter
ets in pairs, we observed a collinearity between the parameters and ε for Model 4. This correlation (represented in Fig. 4) sug-
ests that when individuals are assumed to stabilise infection more
apidly ( increases), the rate of rapid progression to TB disease (ε) to the merged dataset (Victoria and Amsterdam data). Point estimates correspond
west interval containing 95% of the accepted values during the Metropolis-Hastings
tends to increase to compensate. This affine relationship between
parameters  and  is also described through a formal mathematical
analysis (Appendix in Supplementary file, Section 10.1.2.).
Another result provided by the Metropolis-Hastings simula-
tion was the distribution of the average duration spent in the first
latency compartment for Model 4. This quantity was  obtained via
the formula 1+ε+ where  represents the natural death rate. Fig. 5
presents the distribution of these durations for the different age
categories. The average duration spent in the first latency compart-
ment is estimated at 82 days for all age categories combined, this
duration being shorter for children (52 days for “<5 y.o.” category)
than for older individuals (70 days for “5 to 14 y.o.” and 146 days
for “≥15 y.o.”).
3.4. Validation and sensitivity analyses
Our findings were consistent when we employed an alternate
fitting method (least squares minimisation), performed separate
fits for each dataset (Victoria and Amsterdam) instead of the single
merged dataset, or used alternate extraction methods for the data of
Sloot et al. When fitting Model 3 using least squares minimisation,
we obtained a model calibration that differed from that obtained
with the survival likelihood method (See Appendix in Supplemen-
tary file, Fig. S14). However, while this second calibration allowed
for a better simulation of the late stages of latency compared to the
baseline fitting method (Fig. 2), it completely failed to capture the
early dynamics of activation. More details about the different sen-
sitivity analyses are available in the Appendix in Supplementary
file.
Finally, by using imputed data as described in Trauer et al.
accounting for the censorship for migration, death, and preventive
treatment and therefore associated with higher estimates for the
risk of TB disease (Trauer et al., 2016a), our conclusions regarding
optimal model selection remained unchanged, while we obtained
slightly different optimised parameter values (see Appendix in Sup-
plementary file). In particular, in Model 4, imputation led to a slight
increase in the rate of rapid progression (ε) combined with a slight
reduction in the rate of transition towards the late latency com-data was obtained with a higher proportion of infected individuals
transitioning to the high risk compartment (1 − g) while the rate of
rapid progression (ε) was  slightly reduced.
44 R. Ragonnet et al. / Epidemics 21 (2017) 39–47
Fig. 4. Representation of the collinearity observed between the parameters  and ε for Model 4. The red dots represent the 10,000 accepted parameter sets obtained from
the  Metropolis-Hastings simulation. The black line represents the affine model approximating the data with a least square minimisation. (For interpretation of the references
to  colour in this figure legend, the reader is referred to the web version of this article.)
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.5. Comparison of our results with previous works
We  reviewed the parameter values that had been employed in
he previous studies incorporating the latency structures of Model
 and Model 6 and compared these values to our estimates (see
ppendix in Supplementary file, Section 9). Concerning Model 4,
e found that the rate of progression from compartment LA to
ompartment LB () was considerably lower than our estimate in
ll previous studies, which typically assume long periods spent in
arly latency (2–5 years). Similarly, the rate of fast progression to
ctive TB (ε) used in the existing literature was much lower than our
stimate. For Model 6, the proportion of slow progressors (g) found
n previous works was close to our estimate, whereas the rate of fast
rogression (ε) had been markedly underestimated. Finally, while
he rate of slow progression to active TB () was generally under-
stimated in studies incorporating either structure (Models 4 or 6),
wo studies used point estimates that fall inside of the 95% CI we
eport, and nine other studies used parameter ranges overlapping
ur 95% CI.
.6. Rapid estimation of the parameters for future works
A theoretical analysis of the equations governing the dynamic
odels allowed us to develop a method to estimate rapidly the
ifferent parameters of Models 4 and 6 from any dataset. This
pproach involves simple graphical measurements performed on
he curve representing the proportion of active cases among
nfected individuals over time from infection (denoted ), such
s the curves represented in Fig. 2. The detailed description and
emonstration of the method is available in the Appendix in Sup-
lementary file and the main results are presented here. The profile
f  can be decomposed into two phases (see Fig. 2 and detailedistribution associated with 10,000 accepted parameters sets from the Metropolis-
description in Appendix in Supplementary file). The method con-
sists of first measuring the initial slope of  (denoted s0) as well
as the characteristics of a tangent to  on a point situated at the
beginning of the second rise phase (slope denoted s, and y-intercept
denoted y0). Then, estimates for the different parameters (εˆ, ˆ, ˆ
and gˆ) can be obtained by using the three measures (s0, s and y0)
as follows:
For Model 4 : εˆ = s0ˆ =
εˆ
y0
− εˆ − ˆ =
s
(
ˆ + εˆ + 
)
ˆ
For Model 6 : εˆ = s0
y0
− vˆ = s0s
s0 − y0 (s0 + )
gˆ = εˆ − s0
εˆ − vˆ
where  designates the natural mortality rate.
4. Discussion
4.1. Main contributions of the study
In this study, we determine the most appropriate model struc-
tures for accurately simulating TB latency. We  demonstrate that of
the structures employed in the past, only those that incorporate two
compartments for latent infection are able to reproduce the specific
dynamics of TB activation. Such approaches therefore involve two
different levels for the rate of activation, allowing for more TB cases
to occur after recent infection than through late reactivation. This
work also provides a detailed and flexible catalogue of parame-
ter values associated with the retained model structures, that was
validated by the use of two independent fitting methods leading to
similar estimates and that highlighted marked gaps with parameter
values employed in previous works. This study may become a refer-
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nce for calibration of future TB models and our approach involving
stimations with and without age stratification will allow our find-
ngs to be directly applied whether models are age-structured or
ot.
.2. Serial versus parallel structure
We  demonstrate that the two compartments required to model
B latency could be placed either in series or in parallel, and would
ead to identical activation dynamics. The difficulty in making this
istinction between the two models is unfortunate because they
eflect two alternate biological mechanisms that could explain the
igher burden of disease observed after recent infection, each lead-
ng to different recommendations for TB prevention strategies.
irst, the serial structure models a decreasing risk of activation over
ime in every individual, indicating that preventive care should
e targeted at the most recent infections as a priority through
nterventions such as contact tracing. On the other hand, the par-
llel structure suggests that individual predispositions may  make
ome infected individuals more or less likely to develop disease,
egardless of the time from infection. If this second scenario was
erified with epidemiological data, these results would suggest
hat identifying and finding priority populations could dramat-
cally enhance efficiency of interventions. Some factors such as
IV-infection, diabetes or smoking are already known to enhance
he risk of TB activation (Bishwakarma et al., 2015; Houben et al.,
010; Horsburgh et al., 2010; Jeon and Murray, 2008), although our
arameter estimates under the parallel structure scenario suggest
hat around 9% of infected individuals would belong to a high-risk
roup in which the risk of TB activation would be as high as 2000-
old that of the low-risk group. Alternatively, for the series structure
f the latency compartments, rapid identification and early treat-
ent of infected people would be the priority.
.3. Age dependency
Our estimations highlight important discrepancies between age
ategories, with parameter estimates for young children (<5 years
ld) differing markedly from the other age categories. In particular,
ur study suggests that for young children, the rate of disease acti-
ation in the high-risk population (early latency for serial structure
r high-risk group for parallel structure) is much greater than for
5+ year olds. In contrast, among the lower risk population (late
atency for serial structure or low risk group for parallel structure),
oung children seem to be at lower risk of activation than the other
ndividuals. These findings indicate that the youngest infected pop-
lation presents a much higher risk of TB activation early after
nfection, while their risk of activation reduces dramatically in the
ater stages of infection. Previous works have already identified age
s an important factor influencing the natural history of TB (Trauer
t al., 2016a; Sloot et al., 2014; Vynnycky and Fine, 1997), and our
nalysis brings additional insight that reinforces the importance
f providing young children with early preventive treatment for
nfection as late treatments would be useless. By revealing such
ge-specific characteristics, our study also implies that future TB
odelling works should incorporate age-stratified structures in
rder to replicate TB activation dynamics accurately. Our analysis
lso demonstrates that simplified model structures incorporating
o reactivation are adapted to simulate TB latency in the “<5 years
ld” category, suggesting that a significant proportion of infected
hildren will never reactivate. Depending on the model structure
mployed, these young individuals could either become immune
fter some duration of infection (serial structure) or be protected
mmediately after infection (parallel structure).ics 21 (2017) 39–47 45
4.4. Comparison with previous works
When two latency compartments are positioned in series, the
rate of transition from early latency to late latency reflects the
period for which individuals remain at high risk of disease. We
estimate that the average early latency period is 52, 70 days and
146 days, for child(<5), adolescents (5–14) and adults, respectively.
Most previous works employing the serial structure have used 5
years to define early latency, based on a previous convention to
define primary disease versus endogenous disease (Vynnycky and
Fine, 1997; Holm, 1969), and therefore may  have greatly overes-
timated the actual duration of high risk. Our review of articles
showed that the models with these long durations at high risk were
also associated with lower rates of fast progression to active dis-
ease than the rates estimated from our study which compensates
for the long early latency and leads to similar overall risks of acti-
vation over a lifetime. However, we  have shown that our approach,
which has dramatically shorter durations for the time spent in early
latency and at high risk, is required in order to reproduce the profile
of activation dynamics accurately.
Our estimate for the rate of late reactivation corresponds to a
risk of 0.20 cases per 100 person-years for all ages, but is much
lower among the ‘<5 years old’ category. However, although our
analysis clearly highlights different patterns of reactivation by age,
accurate estimation of the reactivation parameter for the ‘<5 years
old’ category was  limited by the small number of reactivation
cases observed in this sub-group, which explains the wide vari-
ation in the associated confidence intervals. While previous works
reported somewhat lower estimates for the late reactivation rate
for all ages, ranging from 0.04 to 0.16 cases per 100 person-years
(Vynnycky and Fine, 1997; Horsburgh et al., 2010; Comstock et al.,
1967; Ferebee, 1970), our findings suggest that these results can
only be interpreted in the context of age mix  in the studies, and
we can speculate that some of this variability may  be accounted
for by different proportions of “<5 year olds” in the study popula-
tions. Detailed data by age are not available from previous works
so formal analysis by age has not been possible. Another possible
explanation for the difference between our estimate and previous
values for the reactivation rate is that the definition of infection in
our datasets may  be more specific than what was  used in previous
studies. In particular, looser definitions for infection may  include
false positives which would tend to increase the number of persons
“at risk” and therefore reduce the inferred reactivation rate.
While our study shows that previous TB models have not always
incorporated the optimal structure or parameterisation to account
for the specific patterns observed in TB activation dynamics, the
potential consequences of using suboptimal approaches remains
undetermined. However, an analysis by Dowdy and colleagues of
the most influential parameters to TB dynamics demonstrated that
the parameters describing early latency are among those with the
greatest impact on model predictions of steady-state TB incidence
(Dowdy et al., 2013). This suggests that it is critical to reproduce
early dynamics of TB infection closely in order to provide accu-
rate insight into the epidemics trajectory. Therefore, future works
investigating the consequences of employing inappropriate model
structures or parameterisation are needed.
4.5. Potential for other future works
Our analysis was based on data from very low TB endemic set-
tings where re-infection is expected not to play an important role
(Wang et al., 2007). This allowed our estimation to focus on the
potential progression to active disease following a single infection
event and to avoid the confusion that would emerge from repeated
infections when estimating the time from infection to activation. In
the event that similar datasets became available in higher endemic
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ettings, a follow-up study could be conducted by integrating
ur “re-infection free” parameterisation into a model that would
nclude an additional pathway for re-infection during latency. By
tting such a model to the new data, the re-infection parameter
ould then be estimated, thus providing valuable insights into the
elative contribution of re-infection compared to the risk of first
nfection.
It is important to remember that the calibrations presented in
his study are associated with the specific models that we selected.
ccordingly, such estimates could not directly be used in models
hat incorporate a different structure or that do not belong to the
ategory of deterministic compartmental transmission dynamic
odels. However, provided that both the structure and the nature
f the model correspond to those used in this study, our work could
lso be used to re-estimate parameters associated with many differ-
nt settings. To this end, we provide a step-by-step method which
llows for rapid estimation of the different model parameters by
erforming simple measures on the reactivation failure curve. Con-
equently, our study could also be used to inform models in settings
hat present different characteristics, such as high HIV-endemic
ettings where the activation dynamics are known to be different
Houben et al., 2010; Horsburgh et al., 2010).
One natural limitation of this work is that it is linked to
he epidemiological challenges of timing infection and reactiva-
ion accurately. However, the estimated durations that we use in
his study are derived from two recently published works that
mployed rigorous definitions for both dates of infection and acti-
ation (Trauer et al., 2016a; Sloot et al., 2014).
. Conclusions
Only models employing two latency compartments are able to
eproduce TB latency dynamics accurately. We  provide parame-
er values to optimally simulate epidemiological observations in
uch models along with an approach to obtaining such values from
uture epidemiological studies. Our analysis also reinforces the
mportance of age-stratification for capturing the dramatic differ-
nces between age groups in patterns of reactivation, which imply
undamental biological differences between age groups. However,
e also demonstrate that data of the type this analysis is based
pon cannot be used to determine the ideal configuration for the
wo latency compartments.
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